Metabolic interactions, such as cross-feeding, play a prominent role in microbial community 13 structure. For example, they may underlie the ubiquity of uncultivated microorganisms. We 14 investigated this phenomenon in the human oral microbiome, by analyzing microbial metabolic 15 networks derived from sequenced genomes. Specifically, we devised a probabilistic biosynthetic 16 network robustness metric that describes the chance that an organism could produce a given 17 metabolite, and used it to assemble a comprehensive atlas of biosynthetic capabilities for 88 18 metabolites across 456 human oral microbiome strains. A cluster of organisms characterized by 19 reduced biosynthetic capabilities stood out within this atlas. This cluster included several 20 uncultivated taxa and three recently co-cultured Saccharibacteria (TM7) phylum species. 21 Comparison across strains also allowed us to systematically identify specific putative metabolic 22 interdependences between organisms. Our method, which provides a new way of converting 23 annotated genomes into metabolic predictions, is easily extendible to other microbial 24 communities and metabolic products. 25 26
Introduction
expectations. For example, the metabolites H + and pyruvate are both highly connected in the 187 metabolic network and have high biosynthetic network robustness (PM = 0.968 and 0.952 188 respectively). However, the network also contains several metabolites that are well connected, 189 but have low PM values. These include, for example, the cofactors AMP/ADP/ATP and 190 NAD + /NADH, which have PM values of ~0.7 and ~0.5 respectively, because they can be 191 recycled from each other, but not biosynthesized in this network. The network also includes 192 several examples of the opposite situation, i.e. metabolites that are poorly connected but have 193 high PM values. One example is D-lactate, which is produced via Lactate Dehydrogenase (LDH) 194 from the high PM metabolites Pyruvate and H + (Figure 2 B ). This reaction also consumes NADH 195 and produces NAD + , but because these cofactors can be easily recycled from each other by a 196 large number of different reactions they have minimal influence on the PM value of D-lactate 197 (Figure 2 B) . This example demonstrates the fact that our metric captures metabolites which are 198 easily produced because their precursors are easily produced, and that the utilization of recycled 199 cofactors has minimal influence on the PM. Overall, there is no significant correlation between 200 the PM values and the node degree of a metabolite in the network ( Supplementary Figure 2) , 201 indicating that our metric describes a unique property of a metabolite in a metabolic network that 202 is not captured simply by node degree. 246 We analyzed the biosynthetic network robustness for 88 different biomass metabolites across the 247 aforementioned 456 metabolic networks from the human oral microbiome. The 88 biomass 248 metabolites included all biomass building blocks considered to be essential for either negative or Gram-positive biomass, as listed in the KBase build metabolic models app 45, 70, 71 250 (listed in Supplementary Table 2 ). Through this analysis we calculated 40,128 PM values which 251 11 represent an atlas of biosynthetic capabilities across these human oral microbiome organisms. 252 The ensuing atlas is represented as hierarchically bi-clustered PM values for all 456 organisms 253 and 88 metabolites in Figure 3 . The same data is available in Supplementary Figure 3 (clustered 254 by taxonomy), and in Supplementary Table 3 . The producibility metric (PM) was calculated for 456 different oral microbiome organisms (columns) and 88 271 different essential biomass metabolites (rows). The resulting matrix is hierarchically bi-clustered based on average 272 distances between organisms and metabolites PM values. Organism Gram-stain and phylum/class are indicated by 273 several annotation columns at the top of the matrix. The biomass metabolites analyzed consisted of several different 274 types of metabolites indicated with different colors. Several metabolites that showed interesting patterns across oral 275 microbiome organisms are highlighted with roman numerals. The most distinct cluster of organisms is highlighted 276 and annotated (top left), which consisted of fastidious reduced-genome organisms (Mycoplasma, Treponema) and 277 uncultivated or recently cultivated organisms (SR1, TM7, Desulfobulbus, Anaerolineae).
Large-scale analysis of biosynthetic capabilities across the human oral microbiome

13
Before analyzing in detail the patterns identifiable in the PM atlas of Figure 3 , we showed that 279 such patterns cannot be trivially attributed to simple broad properties, such as genome size, even 280 if genome size is known to be an important predictor of the overall biosynthetic capabilities of an 281 organism 73 . Fastidious or parasitic organisms tend to have reduced genomes and consequently 282 reduced metabolic capabilities. In our data, the overall average PM value for each organism can 283 be partially predicted by genome size. A linear regression model and quadratic regression model 284 which used the log of genome size to predict the average PM value across all metabolites for 285 each organism had R 2 values of 0.498 and 0.551 respectively (Supplementary Figure 4A ).
286
However, by using Akaike information criterion (AIC) and Bayesian information criterion (BIC) 287 statistical analyses 74 ( Supplementary Figure. 4B, C), we found that adding taxonomic parameters 288 to these regression models significantly improved model performance. This indicates that our 289 data contains additional structure beyond simply genome size. In particular, both the AIC and 290 BIC improve up to at least the order level indicating that there is additional structure up to this 291 taxonomic level. 292 We further investigated, quantitatively, the associations between different taxonomic groups and A first striking pattern in the atlas of biosynthetic capabilities captured by the PM values ( Figure   309 3) is the complexity of cell-wall and membrane components of different taxa. Some aspects of 310 this pattern are consistent with standard attribution of metabolites associated with the Gram 311 staining categories (estimated using the KBase build metabolic model app 45, 70, 71 ). However, we 312 also observed interesting deviations, which could be partially attributed to known finer resolution 313 in the specific membrane components across taxa. Compared to other metabolites, cell-wall 314 components generally tend to have variable or low PM values across the oral microbiome 315 organisms. We analyzed in detail fifteen different teichoic acids, a class of metabolites expected 316 to be found in the cell wall of Gram-positive organisms that play an important role in microbial 317 physiology and interactions with the host 75 . Of these, nine were found to have higher PM values consisted of three N-acetyl-D-glucosamine linked and three unsubstituted teichoic acids. As 323 detailed in Supplementary Text 1, the increased PM for this teichoic acid in many Gram-negative 324 species can be attributed to the presence of a specific gene 76-78 that may merit closer inspection 325 in the network reconstruction process. 326 We further observed clear trends associated with several lipids which are expected to be found in 327 the cell membrane of both Gram-positive and Gram-negative organisms. In particular, we found 328 a strong increase in the PM value for three phosphatidylethanolamine lipids in Gram-negative 329 organisms (Figure 3 VI). Interestingly, these lipids have been previously observed to be more 330 commonly produced in Gram-negative organisms, and have implications for antimicrobial 331 susceptibility 79,80 . We also identified trends associated with three cardiolipin and three 332 phosphatidylglycerol lipids that display generally similar PM patterns across different species 359 In addition to dissecting the patterns associated with specific metabolites, one can analyze the 360 PM landscape of Figure 3 from the perspective of the organisms and their agglomeration into 361 clusters. Given their importance in disease and the unresolved challenges related to their reduced 362 metabolic capabilities, we focused specifically on fastidious human oral microbiome organisms. Proteobacteria (genus Desulfobulbus), and Chloroflexi (class Anaerolineae). Only one of the 371 previously uncultivated organism we analyzed was found outside of this fastidious cluster, 372 namely Tannerella HMT-286. Interestingly, this bacterium is hypothesized to rely on externally 373 supplied siderophores to support its growth 66 . This type of protein dependency is not captured by 374 our metabolic analysis and highlights the fact that, while uncultivability can be driven by many 375 different mechanisms, our method captures the prominent effect of reduced metabolic capacity.
Uncovering biosynthetic deficiencies in fastidious human oral microbiome organisms
376
The other uncultivated organisms that we identified in this cluster have been hypothesized to 377 have reduced genomes and limited metabolic capabilities underlying their fastidious nature, 378 much like Mycoplasma. 379 We sought to gain clearer insight into the metabolic properties of these co-clustered fastidious (Figure 4 III) . The lack of these cofactors in TM7 seems surprising, but is indeed 429 matched by a complete lack of any metabolic reactions annotated to utilize FAD and ACP as 430 cofactors in the draft reconstruction of the TM7 metabolic networks.
431
In addition to investigating the metabolic deficiencies of fastidious organisms, the PM landscape 432 gave us the opportunity to compare these gaps with possible complementary capabilities in 433 organisms known to support their growth. The three TM7 strains that we analyzed were recently 434 co-cultured with host bacteria from the human oral microbiome. TM7x was shown to be a 435 parasitic epibiont of Actinomyces odontolyticus XH001 25,26,95 . TM7 AC001 and PM004 were 436 recently both co-cultured successfully with either of the host strains Pseudopropionibacterium 437 propionicum F0230a or F0700 (not yet published). We sought to further investigate these newly 438 discovered relationships to gain insight into possible metabolic exchange (Figure 4 B) .
439
Interestingly, TM7 organisms had higher PM values than their host strains for several cell-wall 440 components: three glucose-substituted teichoic acids, and glucose-substituted and unsubstituted 441 glycerol teichoic acid (Figure 4 IV) , suggesting that TM7 is capable of producing several cell-442 wall components that its host cannot. Conversely, as expected, a large number of metabolites had 443 increased PM values in the host strains compared to the TM7 strains. These metabolites are 444 hypothesized to be easily synthesized by the host and not TM7 and are thus interesting 445 candidates for growth supporting exchange in co-culture. Fourteen different metabolites had 446 average PM values in the hosts greater than 0.60 higher than in the TM7 organisms (Figure 4 V) .
447
The ranked list includes: L-isoleucine, L-valine, acyl carrier protein, 5-methyltetrahydrofolate, 
Discussion
497
We have developed a novel method for analyzing the biosynthetic capabilities of microbial 498 organisms based on draft metabolic networks reconstructed directly from genomic information.
499
Our method provides a preliminary assessment of the biosynthetic capabilities of a metabolic 500 network model, without the need for gap-filling, that can be used to gain biological insight and 501 evaluate initial model performance. The concept we define, biosynthetic network robustness, 502 provides an environment-independent evaluation and utilizes all available stoichiometric 503 constraints. Environmental independence is achieved by randomly sampling many possible 504 nutrient combinations in a probabilistic manner and computing a metric inspired by percolation 505 theory. This measure defines the robustness with which an organism can produce a given 506 metabolite from any random set of precursors and thus avoids the issue of metabolite 507 producibility being inherently dependent on environment 49, 50 . In this work we have chosen to 508 calculate the metabolic properties of organisms without assuming a particular environment; 509 however, future implementations could utilize environmental information in a probabilistic 510 manner when appropriate. Additionally, we have analyzed the production of individual target 511 metabolites, but our method could easily be extended to sets of metabolites such as the 
518
It is important to highlight that several assumptions are made in the representation of enzymatic 519 reactions as a network that generally limit metabolic network analysis methods. The primary 520 limitation is in enzyme annotation. Aside from missing or incorrect annotations, subtle processes 521 such as enzyme promiscuity and spontaneous reactions may have unquantified effects on 522 metabolic network function. Reaction direction/reversibility is also difficult to predict as it 523 requires detailed knowledge of reaction thermodynamics and metabolite concentrations. In 524 particular, inaccurate or missing information about reaction direction/reversibility could lead to 525 uncertainty about whether a high PM from our method should be interpreted as reflecting 526 23 biosynthetic or degradative capabilities (or both). Throughout our analysis we have utilized 527 default reversibility constraints provided by the KBase build metabolic models app 45, 70, 71 , but 528 more stringent constraints on directionality could possibly improve our results. Additionally, as 529 our method analyzes local properties of the metabolic network (the PM value for a specific 530 metabolite) unidentified gaps in biosynthetic pathways that occur in close proximity to the target 531 metabolite of interest could lead to incorrect predictions regarding microbial auxotrophy. In 532 general, all metabolic network analysis methods face similar limitations. Even as newly 533 developed experimental methods gradually improve metabolic reaction annotation 98-101 , it is 534 likely that we will have to continue dealing with incomplete knowledge. Thus, approaches such 535 as ours are valuable for initial assessment of metabolic capabilities with minimal arbitrary 536 assumptions, and unexpected modeling results can help to pinpoint specific areas in need of 537 refinement.
538
In applying our method to the human oral microbiome, we computed an atlas of biosynthetic 539 capabilities across organisms that can be mined for relevant biological insight. Overall, many of 540 our predictions were consistent with known patterns such as the reduction in biosynthetic 541 capabilities in the genus Mycoplasma or the distribution of lipids and cell-wall components in 542 Gram-positive and negative organisms. Additionally, unexpected predictions served as 543 opportunities to highlight novel biological patterns or emphasize areas of the metabolic network 544 that merit additional attention in the network reconstruction process. Our focus was on fastidious 545 and uncultivated organisms in particular, and using our method we highlighted a unique cluster 546 of such organisms with reduced biosynthetic capabilities. This cluster included three previously 547 uncultivated Saccharibacteria (TM7) phylum organisms that were recently successfully co-548 cultured with growth supporting bacterial host organisms. Our method singled out specific 549 biosynthetic capabilities of these organisms, and was used to develop hypotheses regarding 550 metabolic exchange between TM7 and host bacteria that give context to existing co-culture data 551 and should be further testable in future experiments. These three TM7 species are the first 552 successfully cultured organisms from the candidate phyla radiation and therefore are of general 553 interest beyond their role in human oral health. In fact, the recent identification of the candidate 554 phyla radiation demonstrates the broad prevalence across the tree of life of reduced-genome 555 organisms that potentially rely on their community context for metabolic supplementation [15] [16] [17] .
24
Further analysis of these organisms with our method could continue to provide insight into their 557 unique metabolic properties.
558
By quickly translating genotype into phenotype with minimal assumptions, our approach has the 559 potential to serve as a baseline estimate of metabolic mechanisms in different microbial 560 communities and allows us to more easily decipher microbial community structure and function.
561
Our method can be easily applied other human-associated or environmentally relevant microbial 562 communities, providing valuable putative insight into inter-microbial metabolic dependencies, 563 that could be used to interpret existing data or design future experiments. In particular, we 564 envisage that this type of metabolic insight could help bridge the gap between correlation studies 565 and a mechanistic understanding of microbial community metabolism and dynamics. Method implementation 568 The framework for implementing our method was developed as several different modular 569 functions that interact in a nested manner to run our analysis. The structure of these functions 570 and their associated variables is described in Supplementary Figure 7 feas -This function determines if the production of a given target metabolite set is feasible given 582 the metabolic network model with specified constraints. Flux balance analysis was used to 583 determine the feasibility of production 46 . Flux balance analysis was chosen over the alternative 584 network expansion algorithm due to its treatment of cofactor metabolites 97 . In network 585 expansion, cofactors must be added to the network to "bootstrap" metabolism, whereas in flux 586 balance analysis any reaction utilizing a cofactor can proceed given that the cofactor can be 587 recycled by a different reaction, which is a less restrictive constraint on the metabolic network 588 flux. Furthermore, our implementation allows for inequality or equality mass balance constraints.
589
Traditional flux balance imposes an equality mass balance which is often referred to as a steady 590 state constraint. This constraint restricts the rate of change of all metabolite concentrations to be 591 equal to 0. We provide the option of implementing inequality mass balance, which constrains the 592 rate of change of metabolite concentrations to be greater than or equal to 0. In practice, 593 inequality mass balance is implemented by adding unbounded exporting exchange reactions and 594 calculating steady state solutions. We have implemented inequality mass balance for all of our 595 calculations due to the fact that we are analyzing local properties of the metabolic network (the 596 26 production of a single metabolite) and do not want the network to be constrained by the global 597 requirement to achieve steady state. During the production of a particular metabolite, the 598 metabolic network is thus free to produce byproducts that are used elsewhere or secreted. To 599 determine production feasibility, the export of a particular target metabolite is set to the objective 600 function and maximized. If the maximal flux is greater than a hard-coded threshold (>0.001), 601 then the target metabolite is considered to be feasibly produced. This function uses the COBRA 602 commands changeObjective and optimizeCbModel to set and maximize the appropriate objective within a specified threshold. The code allows for a figure to be displayed which shows the 641 sampled data points and fit sigmoidal functions, which is useful for debugging the algorithm and 642 finding suitable parameters. The default parameters, associated with this function, used for the metabolites using the Boston University shared computing cluster to improve computation time.
727
The PM values were stored as a matrix of organisms by metabolites PM values. This matrix was 728 analyzed using hierarchical bi-clustering based on average differences between groups. The 729 matrix was clustered and visualized using the R package pheatmap.
730
For the comparison of average PM values and genome size, genome size was taken from KBase 731 and added to Supplementary Table 1 . We used regression modeling to identify the broad 732 relationship between genome size, taxonomy, and the average PM value. We fit PM values to 733 linear and quadratic models of log genome size: including a penalty term for each additional independent variable. Independent variables were 743 added for each additional nominal parameter added (for example: adding the predictor of phyla 744 meant adding 12 independent variables, one for each different phylum). The AIC and BIC were 745 calculated using the MATLAB command aicbic.
746
Capturing specific biosynthetic patterns across human oral microbiome organisms 747 We investigated specific trends in metabolite PM values related to taxonomy by analyzing the (+ or -), phylum (belonging to 1 of 12 phyla or not) and class (belonging to 1 of 22 classes or 754 not) were used. We calculated the log likelihood ratio by taking difference between the log 755 likelihood of the base quadratic model of genome size and the model including a specific 756 taxonomic parameter. We identified highly significant relationships using an alpha value of 10 -6 757 and Bonferroni correction for multiple hypothesis testing.
758
Uncovering biosynthetic deficiencies in fastidious human oral microbiome organisms 759 A subset of fastidious organisms identified from the larger clustered matrix of all oral 760 microbiome organisms PM values were re-clustered and analyzed further. The clustering method 761 used was the same as for the larger Figure 3 . Additionally, three previously uncultivated TM7 762 organisms (TM7x, AC001, and PM004) and several host strains for the uncultivated TM7
763
(Actinomyces odontolyticus XH001, Pseudopropionibacterium propionicum F0700, and 764 Pseudopropionibacterium propionicum F0230a) were re-clustered and analyzed. Metabolites 765 were ranked and analyzed based on the difference between the average PM value of separate 766 groups. Three different ranking were used throughout this analysis 1) average fastidious cluster 767 organisms PM subtracted from average oral microbiome organisms PM 2) average Mycoplasma 768 PM subtracted from average TM7 PM 3) average TM7 host PM subtracted from TM7 PM.
769
Correlations between amino acid biosynthetic cost 72 and difference in PM were calculated using 770 Spearman's rank correlation and the MATLAB command corr. 771 
